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1 Primary analysis: application of combined model to
CASCADE dataset

1.1 Dataset and estimation

We apply the modelling framework developed by Stirrup et al.! to the full CASCADE
dataset of seroconverters. We restrict our analysis to patients with an estimated date
of HIV seroconversion during or after 2003, and patients who started a suboptimal
regimen of antiretroviral drugs prior to cART were excluded as were patients without
at least one post-treatment CD4 count recorded. Data were included up to March
2014. CD4 counts are modelled on a square-root scale, with back-transformation of
predictions for hypothetical patients.

The primary analysis relates to models fitted with a latent variable for each pa-
tient only for the ‘true’ baseline CD4 value (on the square-root scale) at initiation
of cART, with maximum likelihood estimation carried out using 10-point adaptive
Gauss-Hermite quadrature. Maximum likelihood estimation was carried out using
the random effects mode of the ADMB software, run on the UCL Legion High Perfor-

mance Computing Facility.

1.2 Pre-treatment model structure

The pre-treatment model for CD4 counts comprised a ‘random intercept and slope’
model with a fractional Brownian motion stochastic process component in addi-
tion to the independent random error term for each measurement occasion. This
matches the model structure for Model,—Models as in Stirrup et al.!. The condi-
tional distribution for the latent variable representing baseline CD4 count was also

constructed as described in Stirrup et al.l.

1.3 Post-treatment model structure and hypothesis tests

Given the much larger cohort of patients in this analysis in comparison to that pre-
sented previously!, we allow greater flexibility in the shape of the asymptotic recov-
ery curve. We use an extension to the asymptotic growth curve attributed to Janoshek

and Sager®™:
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This function matches that given in Stirrup et al.! with an additional power transfor-
mation of the post-treatment time variable 7,,s; by exponent D, a parameter to be

estimated with value D > 0. For values of D > 1 the growth curve is sigmoidal, for



D =1 growth follows a standard asymptotic curve and for D < 1 growth is more rapid
at time points closer to zero. The ¢;.; and ¢,.; terms still reflect long-term maximum
and speed of recovery, respectively, but parameter estimates may not be straightfor-
ward to interpret directly if recovery does not reach the modelled asymptotic maxi-
mum within the time-frame under consideration (i.e. if substantial recovery in CD4

counts is still ongoing beyond around 5 years after initiation of cART).

Given the accurate approximation to the marginal log-likelihood for each fitted
model in the primary analysis (with a latent variable term only included for the ‘true’
baseline), statistical hypothesis tests for comparison of nested models are carried
out using generalised likelihood-ratio tests. We initially fit a model in which the post-
treatment recovery in CD4 count follows a standard asymptotic curve, for which the
long-term maximum and speed of response are each linearly dependent on the ‘true’
baseline CD4 value (™) but not on any other patient or treatment characteristics.
We then test whether the Janoshek and Sager curve provides a better fit to the data.
Following Stirrup et al.!, we subsequently stratify the functions that specify the de-
pendence of ¢;.; and ¢,.; on u:’ according to whether treatment was initiated within
6 months, beyond 6 months and within 1 year or beyond 1 year from the estimated

date of seroconversion.

We consider whether VL before treatment initiation is predictive of the speed of
recovery in CD4 counts or long-term maximum; VL (in copies/mL) is transformed to
the log,, scale and used to generate a natural cubic spline basis with boundary and
internal knots at (3,4,4.7,5,6), no intercept is included (as this would not be identi-
fiable) and the basis is centred at 4.7 (i.e. log;, (50000)), which results in four model
parameters relating to ¢;.; and an additional four relating to ¢,.;. Sets of parame-
ters relating to groupings of patients determined by sex and mode of infection are
then added to the model; we have combined these characteristics into a single step
in model development because of the inherent dependence between sex and mode
of infection (i.e. the majority of the cohort are men who have sex with men, but there
is not an equivalent group of women) and the potential for sex differences to vary
according to whether the patient is an injecting drug user (IDU). Men who have sex
with men were treated as the reference group (n = 5736), with parameters added to
the models for ¢1.; and ¢».; for heterosexual men and women (n = 722 and n = 936,
respectively) and male and female IDUs (n = 157 and n = 49, respectively).

Patient age at treatment (in years) is then added to the models for ¢,.; and ¢».; us-
ing a natural cubic spline basis and knots at (25,31, 36,41,51), approximately equiv-
alent to the 10, 30, 50™, 70™ and 90™ centiles. As for VL there is no intercept, and
so four parameters are added to the model for both ¢;.; and ¢».;, and the basis is
centred at 36 years. Parameters relating to the diagnosis of an AIDS-defining illness

prior to initiation of cART (n = 226) are then added, followed by parameters linked



to either a positive test for HCV (n = 410) or no record of a test for HCV (n = 1309)
prior to cART. The predictive value of cART regimen classification at initiation was
then assessed, with patients grouped with NNRTI regimen as reference (n = 2989),
and parameters added relating to ritonavir-boosted PI (n = 3872), INSTI (n = 438) or
other treatment regimens (n = 301).

Variables were added in perceived order of importance given a reading of previ-
ous literature on this topic. However, the drug regimen variable was added last so
that the effect would be estimated conditional on all baseline patient characteristics,
given that this is the one variable that could be altered in a clinical trial. We also note
that as results are presented for the model with all variables included, the order of
variable addition is not likely to have had any effect on the findings reported.

After the addition of the specified patient and treatment characteristics to the
model, the functions linking (square-root) baseline CD4 value and the speed and
long-term maximum of recovery were generalised (from alinear relationship) using a
natural cubic spline basis with knots at 15.5, 17.5, 19.5 and 22 (stratified by time from
estimated date of seroconversion to treatment initiation, as in Stirrup et al. 1), This
was done after the addition of the patient characteristics to the model because the
combination of a large number of additional parameters (12) and the use of natural
cubic splines applied to a latent variable term increased the required computation

time to fit the model up to alevel that was close to the maximum available (72 hours).

1.4 Results without censoring due to virological failure

The models fitted to the full CASCADE dataset (without censoring related to VL) are
summarised in Table 1.1. Generalising the baseline model (Mod,) so that CD4 re-
covery followed a Janoshek-Sager curve (Mod,) led to a highly significant improve-
ment in model fit (2A¢2510 for 1 parameter, P < 0.0001), and so this extension to
the model was maintained. As was found in Stirrup et al.!, stratifying the functions
linking baseline CD4 to recovery by the time elapsed from estimated date of serocon-
version to treatment initiation also led to a highly significant improvement in model
fit (Mods; 2A¢680 for 8 parameters; P < 0.0001). A further highly significant im-
provement in model fit was found when VL prior to treatment initiation was added
as a predictor (Mody; 2A¢624 for 8 parameters; P < 0.0001). Adding each of the re-
maining patient and drug regimen characteristics to the model as predictors (Mods—
Mody) led to statistically significant improvements in model fit (with P < 0.0001 in
all cases, other than for ‘age’ for which P = 0.0011, and corresponding reductions
in AIC); however, the improvement in log-likelihood for each of these models was
modest relative to the size of the dataset under investigation, and no further im-

provements in BIC were seen. Similarly, the use of natural cubic splines to create



more flexible link functions between baseline CD4 and the nature of post-treatment
recovery led to a statistically significant improvement in model fit (Mod,o vs Mod;
2A 068 for 12 parameters; P < 0.0001), but not a reduction in BIC.

Table 1.1. Summary of fitted combined models for CD4 cell counts before and after the ini-
tiation of combination antiretroviral therapy (cART) in patients from the CASCADE cohort.
All models shown are nested within that described in the row below.

Model Predictors Curve npqrs ¢ AIC BIC 20A¢
Mod, Linear-u Asym. 15 -247019 494068 494211 NA
Mod, Linear-u JS 16 -245764 491560 491712 2510
Mods  Asabove + trt-time grp ]S 24 -245424 490896 491124 680
Mod,  As above + baseline VL JS 32 -245112 490288 490593* 624
Mods  Asabove + gender/inf grp IS 40  -245096 490272 490653 32
Modg  As above + age JS 48 -245083 490262 490719 26
Mod; Asabove + AIDS Dx JS 50 -245070 490240 490716 26
Modg  Asabove + HCV Dx JS 54 -245056 490220 490734 28
Modg  Asabove + trt class JS 60 -245029 490178 490749 54
Mod;y Asabove + NCS-u JS 72 -244995 490134* 490819 68

The ‘Predictors’ field lists variables included in the functions to determine both long-term
maximum (¢;) and speed of recovery (¢»), and ‘Curve’ gives shape of expected recovery
following cART. ‘trt-time grp’ denotes stratification of functions for long-term maximum
and speed of recovery in terms of baseline CD4 at treatment initiation. *Lowest value of
AIC/BIC for set of models. ‘2A¢’ denotes differences in 2 xlog-likelihood in comparison to
model described in the row above in each case. AIC, Akaike information criterion; AIDS,
acquired immune deficiency syndrome; Asym., asymptotic; BIC, Bayesian information
criterion; Dx, diagnosis prior to cART; grp, group; HCV, hepatitis C virus; inf, mode of
infection; JS, Janoshek-Sager; ¢, log-likelihood of model fit; NA, not applicable; NCS, natural
cubic spline; 14,5, number of parameters in model; trt, treatment; VL, viral load.

Although it seems therefore that Mod, might provide a more parsimonious model
for response to treatment, here and in the main paper we further investigate the im-
plications of the fitted Mod, to evaluate the role of patient and drug regimen char-
acteristics to predict response to cART. We wished to estimate associations with CD4
recovery for all potentially relevant variables, and we feel that this is justified by the
fact that a large sample size was used relative to the number of parameters estimated
and that each expansion of the model from Mod, to Mod,, was associated with a P-
value of less than 0.0001, other than that for age for which the P-value was 0.0011.
Although the associations found were not large in magnitude, it is not likely that the
variables assessed have zero true association with CD4 recovery.

Parameter estimates for Mod, are given in Table 1.2. Direct interpretation of the
parameter estimates is complicated for many of the patient characteristics by the
fact that the sign (i.e. +/-) of the effect on long-term maximum CD4 is opposite for
that on speed of recovery, and so it is not immediately obvious whether or not an as-

sociated benefit is predicted. This problem is compounded by the fact that the D pa-



rameter for the Janoshek-Sager curve was estimated to be less than one (D=0.42 for
Mod,), indicating a rapid early response to treatment but with a very gradual later
response; this has the effect that the modelled long-term maximum for any given pa-
tient is not attained within the time-frame for the available data for this analysis, and
so the parameters relating to ‘long-term maximum’ and ‘speed of recovery’ cannot
be interpreted in isolation. As such, evaluation of the fitted model here and in the
main paper is focused on generating and comparing predicted recovery curves for
hypothetical patients. However, we start by inspecting the fitted natural cubic spline
functions for baseline CD4, VL prior to treatment initiation and patient age.

The link functions for ¢; and ¢, in terms of baseline CD4 (u]"), and stratified by
elapsed time from estimated date of seroconversion to initiation of cART fitted in
Mod, are shown in Figure 1.1. As found in the more limited analysis in Stirrup et
al.!, both the long-term maximum and speed of recovery were positively associated
with the baseline ‘true’ CD4 count, and those patients that initiated treatment within
6 months of seroconversion were found to show a more rapid recovery for a given
baseline CD4 count. The effect of pre-treatment VL on ¢; and ¢, is plotted in Figure
1.2, VL does not appear to predict the long-term maximum CD4 count after treat-
ment initiation, but higher than average VL values do seem to predict a substantially
higher speed of recovery. Patient age at treatment initiation was estimated to have
little effect on long-term maximum CD4, and greater age was found to be associated
with a small reduction in the speed of recovery (Figure 1.3).

The predicted median recovery in CD4 counts following initiation of cART for
a series of hypothetical patients is presented in Figures 1.4 and 1.5. In Figure 1.4
predictions are shown according to ‘true’ baseline CD4 and time elapsed from esti-
mated date of seroconversion to treatment initiation, again demonstrating the link
between baseline CD4 and long-term maximum. The plots also demonstrate that the
use of the Janoshek-Sager curve results in a model that predicts (on average) grad-
ual increases in CD4 beyond 5 years from the initiation of cART, even amongst those
patients with a high baseline value. The gain in speed of recovery associated with
early initiation of cART appears to be only moderate, but high VL prior to treatment
is also strongly predictive of a rapid response as shown in Figure 1.5a. VL shows a
peak close to the date of seroconversion (e.g. Pantazis et al.®), and so high VL mea-
surements might be acting as a marker that any given patient is close to their date of
seroconversion. The CASCADE dataset includes patients with up to 3 years between
their last negative and first positive test for HIV, and so this might be the case even for
those patients assigned to the group with greater than 1 year between estimated date
of seroconversion and treatment initiation. This is further investigated in Section 2
of this Appendix.

For the remaining patient and treatment characteristics the estimated effect sizes



Figure 1.1. Plots of ¢, (u]) (a—c, relating to long-term maximum) and ¢, () (d-f, relating
to speed of response) for Modyg. Graphs on the left of each row (a,d) show the fitted
functions for patients initiating treatment within 6 months of seroconversion, those in the
centre (b,e) show the functions for patients initiating treatment beyond 6 months but within
1year and those on the right (c,f) show the functions for patients who started treatment
beyond 1year. Pointwise 95 % confidence intervals for the functions are shown (------).
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Figure 1.2. Plots of effect on ¢; (a, relating to long-term maximum) and ¢, (b, relating to
speed of response) of pre-treatment viral load (VL, expressed using log,, scale on x-axis) as
estimated in Mod;o. Pointwise 95 % confidence intervals for the functions are shown (-----+).
The model is parameterised such that the effect at log;,(VL)=4.7 is zero.

were only moderate (Figure 1.5), which makes interpretation difficult given the po-
tential for residual unmeasured confounding factors. Recovery is predicted to be
slightly worse for male heterosexuals or female IDUs, but the sample size in the lat-

ter group was very small and the 95 CIs of parameter estimates for the effect on ¢,
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Figure 1.3. Plots of effect on ¢; (a, relating to long-term maximum) and ¢, (b, relating to
speed of response) of patient age at treatment initiation as estimated in Mod,o. Pointwise
95 % confidence intervals for the functions are shown (------). The model is parameterised such
that the effect at 36 years is zero.

and ¢» both included zero. As also demonstrated in Figure 1.3, recovery is predicted
to be better on average in younger patients. A surprising finding is that an AIDS
diagnosis prior to treatment initiation was associated with slightly better recovery,
although the sample size of such patients was small. A positive HCV test prior to
treatment initiation was associated with slightly worse recovery. Of the cART reg-
imens, the INSTI category was associated with improved recovery, with the ‘other’
and ritonavir-boosted PI categories showing the next best performance. However, it
is possible that the use of newer drugs is associated with confounding factors such
as earlier treatment initiation (as this is only partially controlled for in the current
model), and so caution is required in the interpretation of this finding.

The estimates of variance parameters relating to unexplained variation in post-
treatment CD4 recovery were large, representing clinically meaningful differences in
response to treatment that could not be attributed to the combination of patient and
drug characteristics included in the model. This can be seen in both the estimated
variance of the random effect term relating to asymptotic maximum (P = 9.9) and to
a lesser extent in the parameters relating to the post-treatment fractional Brownian
motion process (Kpos; = 4.6 and ﬁpost = 0.25). The residual variation is also illus-
trated in Figure 1.6, in which the 5™ and 95 centiles of post-treatment CD4 counts

are plotted for hypothetical patients in addition to the median.

1.5 Results with censoring due to virological failure

Due to the requirement for at least one post-treatment CD4 count, censoring at post-
treatment virological failure led to a slightly smaller total number of 7543 patients for

analysis, with 39013 pre-treatment and 44 376 post-treatment CD4 count observa-
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Figure 1.4. Plots of predicted median recovery in CD4 counts, based on Mod, for patients
with a ‘true’ baseline value of 200 (a), 350 (b) or 500 (c) cells/uL. Predictions are shown
for patients initiating treatment within 6 months of seroconversion (------), patients initiating
treatment beyond 6 months but within 1year (---) and for patients who started treatment
beyond 1year (—). For this plot, all patients are assumed to be men who have sex with
men, aged 36 years, with negative test for hepatitis C virus, no prior AIDS diagnosis and
starting on a non-nucleoside reverse-transcriptase inhibitor (NNRTI) regimen. Viral load
prior to treatment is also fixed at the overall log;, median of 4.825. NOTE: this is presented
as Figure 1 in the main paper.

tions. Of these patients, 2462 (32.6 %) had virological failure observed at some point
in time, at a median of 0.90 years (IQR, 0.65-1.57 years).

When the set of models were fitted to the processed dataset with censoring of
post-treatment CD4 counts at any occurrence of detectable viral load beyond 6 months
after treatment initiation, the same pattern was observed of statistically significant
improvements in model fit but with optimal BIC for the inclusion of only VL (Table
1.3). Furthermore, predictions generated from the fitted model including all patient
and drug characteristics (i.e. Mod;) are nearly identical to those for the equivalent
model without censoring due to detectable VL (Figure 1.7). The parameter estimates
for Mod, fitted to the two versions of the dataset were correspondingly very sim-
ilar, as can be seen in Table 1.2. There are some apparent differences between the
parameter estimates relating to natural cubic spline functions, but plotting of the fit-
ted functions reveals them to be similar within the range of values well represented
in the data, for example the estimated functions linking baseline CD4 to recovery
characteristics resulting from the model fitted to the censored dataset are plotted in

Figure 1.8.
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Figure 1.5. Plots of predicted median recovery in CD4 counts, based on Mody, for patients
with a ‘true’ baseline value of 350 according to: (a) viral load (VL) prior to treatment initiation

(-, logo(VL) = 2.7; ---, log, (VL) = 4.7, —, log;((VL) =5.7); (b) sex and infection
groups (——, men who have sex with men; ---, male heterosexual; ------ , male injecting
drug user; ---, female heterosexual; ------ , female injecting drug user ); (c) patient age at
treatment initiation (----- , age =20 years; —, age = 60 years); (d) AIDS diagnosis prior to
treatment (------, yes; —, no); (e) hepatitis C virus (HCV) status (------, no test; ---, +ve
test; —, -ve test); and (f) cART regimen (----- , integrase strand transfer inhibitor; -:-- ,
ritonavir-boosted protease inhibitor; ---, other;, ——, non-nucleoside reverse-transcriptase

inhibitor (NNRTI)). All patients are assumed to be men who have sex with men, aged 36
years, with negative test for HCV, no prior AIDS diagnosis, baseline log,, (VL) of 4.825 and
starting on a NNRTI regimen at more than 1year since estimated date of seroconversion
unless stated otherwise. NOTE: this is presented as Figure 2 in the main paper.
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Figure 1.6. Plots of predicted median (—) and 5" and 95" centiles (---) for recovery
in CD4 counts, based on Mod,, for patients with a ‘true’ baseline value of 200 (a), 350
(b) or 500 (c) cells/uL. For this plot, all patients are assumed to be men who have sex with
men, aged 36 years, with negative test for hepatitis C virus, no prior AIDS diagnosis and
starting on a non-nucleoside reverse-transcriptase inhibitor (NNRTI) regimen beyond 1 year
from seroconversion. Viral load prior to treatment is also fixed at the overall log;, median of

4.825. NOTE: this is presented as Figure 3 in the main paper.
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Table 1.3. Summary of fitted combined models for CD4 cell counts before and after the
initiation of combination antiretroviral therapy (cART) in patients from the CASCADE co-
hort, with censoring of post-treatment CD4 counts at the observation of detectable viral
load beyond 6 months after treatment initiation. All models shown are nested within that
described in the row below.

Model Predictors Curve npars ¢ AIC BIC 2A/¢
Mod; Linear-u Asym. 15 -205209 410448 410588 NA
Mod, Linear-u JS 16 -204132 408296 408445 2154
Mods  Asabove + trt-time grp JS 24 -203806 407660 407884 652
Mod,  Asabove + baseline VL JS 32 -203486 407036 407335* 640
Mods  Asabove + gender/inf grp JS 40 -203468 407016 407389 36
Modg  Asabove + age JS 48 -203453 407002 407450 30
Mod; Asabove + AIDS Dx JS 50 -203437 406974 407441 32
Modg  Asabove + HCV Dx JS 54 -203426 406960 407464 22
Modg  Asabove + trt class JS 60 -203400 406920 407480 52
Mod,y Asabove + NCS-u JS 72 -203369 406882* 407554 62

The ‘Predictors’ field lists variables included in the functions to determine both long-term
maximum (¢;) and speed of recovery (¢p,), and ‘Curve’ gives shape of expected recovery
following cART. ‘trt-time grp’ denotes stratification of functions for long-term maximum
and speed of recovery in terms of baseline CD4 at treatment initiation. *Lowest value of
AIC/BIC for set of models. 2A¢’ denotes differences in 2 xlog-likelihood in comparison to
model described in the row above in each case. AIC, Akaike information criterion; AIDS,

acquired immune deficiency syndrome; Asym., asymptotic; BIC, Bayesian information

criterion; Dx, diagnosis prior to cART; HCV, hepatitis C virus; grp, group; inf, mode of
infection; JS, Janoshek-Sager; ¢, log-likelihood of model fit; NA, not applicable; NCS, natural
cubic spline; 1,45, number of parameters in model; trt, treatment; VL, viral load.
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Figure 1.7. Plots of predicted median recovery in CD4 counts, based on Mod fitted to the
dataset with censoring at detectable viral load (VL) after 6 months of treatment, for patients
with a ‘true’ baseline value of 350 according to: (a) VL prior to treatment initiation (------,

log, (VL) =2.7; ---, log,,(VL) = 4.7, —, log,,(VL) =5.7); (b) sex and infection groups
(——, men who have sex with men; ---, male heterosexual; -« , male injecting drug user;
---, female heterosexual; ------ , female injecting drug user ); (c) patient age at treatment
initiation (------, age =20 years; —, age = 60 years); (d) AIDS diagnosis prior to treatment
(reeee , yes; ——, no); (e) hepatitis C virus (HCV) status (-+---- , no test; ---, +ve test; —,
-ve test); and (f) cART regimen (------, integrase strand transfer inhibitor; -.-.- , ritonavir-
boosted protease inhibitor; ---, other;, ——, non-nucleoside reverse-transcriptase inhibitor

(NNRTI)). All patients are assumed to be men who have sex with men, aged 36 years, with
negative test for HCV, no prior AIDS diagnosis, baseline log;, (VL) of 4.825 and starting on
a NNRTI regimen at more than 1year since estimated date of seroconversion unless stated
otherwise.
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Figure 1.8. Plots of ¢ (1) (a—c, relating to long-term maximum) and ¢ (u}) (d—f, relating
to speed of response) for Mod, fitted to the dataset with censoring at detectable viral load
(VL) after 6 months of treatment. Graphs on the left of each row (a,d) show the fitted
functions for patients initiating treatment within 6 months of seroconversion, those in the
centre (b,e) show the functions for patients initiating treatment beyond 6 months but within
lyear and those on the right (c,f) show the functions for patients who started treatment
beyond 1year. Pointwise 95 % confidence intervals for the functions are shown (------).
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2 Modelling uncertainty in seroconversion date

In Section 1 of this Appendix, we describe models based on the assumption that the
estimated date of seroconversion in each patient is correct. However, the uncertainty
in exact date of seroconversion for those patients with a ‘mid-point’ estimate, set at
the halfway point between last negative and first positive HIV tests, raises questions
regarding the interpretation of any fitted models, particularly when trying to deter-
mine whether treatment initiation close to the date of seroconversion might lead to

substantial improvements in CD4 recovery.

There has been development of statistical methodology to address the problem of
uncertainty in seroconversion dates, both in order to provide more accurate estima-
tion of infection time in ‘seroconverters’ and to allow modelling of the delay to diag-
nosis in ‘seroprevalent’ patients. Early work on this issue was motivated by the need
to estimate the survival function for the progression from seroconversion to AIDS
(before the availability of effective treatment) 67 while more recent research has fo-
cused on the need for accurate estimation of infection dates for monitoring of the in-
cidence of new HIV cases in different countries and communities®®. One approach
to dealing with the problem is to define a time-to-event regression model for the in-
terval between seroconversion and first observation of a patient, with biomarkers at
presentation used as predictive variables; for example, Mufoz et al.® used a trun-
cated Weibull regression model for the time elapsed since seroconversion among
‘seroconverters’ with CD4 % as a predictive variable, and then used the results to im-
pute dates for seroprevalent patients. Geskus’ proposed a non-parametric approach
in which the estimated distribution of the timing of seroconversion, conditional on
observed CD4 counts, is empirically derived based on data from patients with well
estimated date of seroconversion (including patients with an interval of up to 1 year

between negative and positive tests).

Taffé et al.® developed a joint model incorporating time from seroconversion to
diagnosis, differences between serial CD4 count measurements following diagnosis
and drop-out from the analysis due to either ART or death. Estimation of the pa-
rameters for this model requires integration over correlated subject-specific random
effect terms for the intercept and slope of CD4 trajectory as well as an independent
measurement error term (the latter resulting from the fact that the model for CD4
counts is defined in terms of differences from the first observation) in order to ob-
tain the marginal log-likelihood. In this model, the time from seroconversion to di-
agnosis is treated as a time-to-event outcome variable, the model for which is de-
fined conditional on the random effect terms. Conditional imputation of the date
of seroconversion for any given patient therefore requires calculations based on the

empirical Bayes estimates of their random effects.
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We approach this problem through the further extension of methodology pro-
posed by Sommen et al.®, who developed longitudinal models for virological mark-
ers of recent infection in which the time elapsed from seroconversion to diagnosis
for each patient is itself treated as a latent variable. This has the advantage that the
models for the biomarkers under investigation can be defined in terms of the true
time since seroconversion, with the marginal log-likelihood obtained by integration
over the range of possible seroconversion dates for any given patients as well as any
subject-specific random effects. A similar approach was independently described

by Drylewicz et al.'”

, who developed dynamic models for pre-treatment CD4 cell
counts and viral load measurements in HIV patients with integration of the like-
lihood function over possible infection dates. The markers under investigation by
Sommen et al. were antibodies to the immunodominant epitope of gp41 (IDE) and a
mixture of five V3 peptides; their model for each comprised an asymptotic increase
from zero and independent Brownian motion and measurement error terms, and
a uniform prior distribution was assumed for the occurrence of seroconversion be-
tween last negative and first positive HIV tests (or over an interval of 70 days prior to
signs of symptomatic primary infection or 30 days prior to incomplete Western blot).

In this Section, we develop a model for pre-treatment CD4 counts and viral load
measurements and for the recovery in CD4 counts following initiation of cART con-
ditional on the true date of seroconversion for each patient. We follow the principle

proposed by Sommen et al.® and Drylewicz et al.'®

of obtaining the marginal log-
likelihood by integration over a prior distribution of the true date for each patient
informed by the interval between negative and positive tests, although beyond this
the model structure that we develop differs from their work. Our work is novel in that
we also model response to cART in terms of the true time elapsed from seroconver-

sion to initiation of treatment.

2.1 Exact seroconversion date as a latent variable

If a distribution can be assigned for the true seroconversion date ¢’ for each patient,
with probability density function f;, then the marginal likelihood for an extension of
the combined model for pre- and post-treatment data as described in Stirrup et al.!

can be expressed as follows:

tmax [*0©
f(Ypre»Yposz‘) = j;, f fpre (YprelT’ = t,) fpost (yl)ostm; T = t,)
FulUypre T = £) fo () du at.

This integral is of a form similar to that used by Sommen et al.®.
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The Laplace approximation to the marginal likelihood is optimally accurate for
latent variables integrated out over a normal scale!!, and so for maximum likelihood

estimation we instead express this integral as:

f (Ypre:Ypost) = f_ f_ fore (YprelT' = F;1 (@ (@) frost (Yposelu, T' = F,;' (@ (@)

fu(ulypre, T' = F;' (@ (@) fp (@) du da,

where f; is the probability density function for a standard normal distribution

and Ft_,1 is the inverse of the cumulative distribution function corresponding to f;.

The expression used by ADMB for the gradient of the Laplace approximation to
an integral involves third order partial derivatives of the integrand with respect to the
latent variable terms, which means that the response to treatment cannot be mod-
elled according to arbitrary divisions of the time from ‘true date of seroconversion’ to
treatment initiation; for such models the integrand would not be differentiable with
respect to t’ across its range of potential values. For this extension to the model, we
hypothesise that the response in CD4 count to cART follows distinct relationships
with the baseline value ‘u™’ according to whether treatment is initiated very close to
the date of seroconversion or after a long period of time has elapsed. As described
in Stirrup et al.!, the response to treatment is modelled as being dependent on the
baseline CD4 value through functions that determine the expected long-term max-
imum and speed of recovery, with separate functions defined for ‘early’ and ‘late’
treatment initiation (denoted ¢1.cariy (UF), P2carty(UT), Pri1are(w™) and ¢o.jare(u)).
However, unlike in Stirrup et al.!, we incorporate a smooth transition from the ‘early’
to the ‘late’ functions according to the exact value of ¢/, by weighting their respective
contributions towards the expected long-term maximum ¢;.; or speed of response

¢».; for any given patient according to the functions:

weighteariy.i =2—2/ (1 +exp (=S * ttrt:i))
weightiate; =2/ (1 +exp (=S * ttrt:i)) -1,

here S is a parameter to be estimated that determines the balance between ‘early’
and ‘late’ treatment response characteristics according to the time elapsed between
true date of seroconversion and initiation of cART ‘#;+;". These two weighting func-
tion sum to 1 for any value of #;,.;, for #;,+; = 0 the functions return 1 and 0, and

weighteqriy.; — 0 and weightigse.; — 1 as tyry.; increases.
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2.2 Incorporating viral load into the model

Following our aim of investigating the separate contributions of baseline CD4 count,
time from seroconversion to treatment initiation and baseline viral load in predicting
the characteristics of CD4 recovery on cART, we also extend the model to include pre-
treatment viral load as an outcome variable. This development is necessary in order
to allow information from viral load observations to contribute to the posterior dis-
tribution of the true date of seroconversion for each patient, and it also means that
patients for whom no viral load observations were obtained close to the start of treat-
ment can be included in the analysis. Viral load is analysed on the log, , scale, and we
make use of the non-linear model for the mean in terms of time from seroconversion

as reported by Pantazis et al.®:

gvi(tyvr) = Povi+ Prvitve + Pavrexp (—Psvitvi), (1)

where fy is the time of VL observation from date of seroconversion and Boy1—f3vL

are parameters to be estimated.

However, a patient-specific random effect is only included for the intercept and
not for the long-term slope, as we were unable to successfully fit models that also
included the latter term (the program crashed or convergence failed). The patient-
specific random intercept is modelled as following a joint multivariate normal distri-
bution with the random-intercept and -slope terms of the pre-treatment CD4 part of
the model, and there is also an examination-specific independent normal error term

for the pre-treatment viral load:

Vi =gvL(tvr;) +1byr; +eyr;
Ypre:i =X;p+Z;b; +Wprei +€pre:i

(bVL:i 0 ( 4%} COV(bVL:i,bi)))
i "\Cov(b;,byr.) v

~MVN

evri ~ MVNQ©, 0%, 1,,,.)
Wpre:i ~MVN(O, Zpre:i)
epre.i ~ MVN(©,0°1,,,.).

Here, v; is the vector of ny.; pre-treatment viral load observations for the ith patient
at times tyy.;, gy is a vectorised version of the function in (1), 1 is a vector of ‘1’s of
length nyy.;, by is the subject-specific random intercept for viral load with vari-
ance ¥vyy, eyr.; is a vector of examination-specific residuals for viral load with vari-
ance 0%/ ;» and other terms are as defined in Stirrup et al. 1 The time values in this

model are defined with respect to the true date of seroconversion for each patient
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through conditioning on the corresponding latent variable term.

A further complication is that the viral load measurements recorded in the CAS-
CADE dataset are truncated at lower and upper limits of detection, with these lim-
its depending on the equipment used at each examination and ranging from 1-500
copies/mL for the lower limit and 50000-10% copies/mL for the upper limit. Fol-

lowing Thiébaut et al. %13

, we account for this issue by making use of the fact that
the likelihood contribution for such an observation below a lower limit of detection,
conditional on the subject-specific random intercept, is independent of other ob-
servations and can be expressed using the cumulative normal distribution function

(@) * and the lower limit of detection in that case (i ml.Lj):

L(v;jlbyr.) =@ ((lim,-Lj —(gve(tveij) + bVL:i)) /UVL) )

while the likelihood contribution for observations above the upper limit of detection

can be expressed using the upper limit (/i mlU].) in that case:

L(vijlbyri) =1-® ((lzmg —(gve (tve:ij) +bVL:i)) /UVL) .

This has the consequence that approximation of the marginal log-likelihood requires
integration over the viral load random intercept term for each patient. If there were
no lower limits of detection, then it would be possible to form a joint multivariate
normal distribution (with associated closed form probability density function) for
both the CD4 count and viral load observations in the pre-treatment part of the
model. However, we may still express the probability density function for the pre-
treatment CD4 count observations in closed form conditional on the viral load ran-
dom intercept term in each patient, making use of standard expressions for condi-

tional normal distributions. If we express the joint distribution for the viral load and

0 (U/VL 1[’12))
) 1’]21 ‘P )

then the conditional model for the pre-treatment CD4 counts can be expressed as:

CD4 random effects as follows:

(bVL:i ~ MVN

i

ypre:”bVL?i =X;p +Z;b; +Wpre:i t€pre:i
by
bylbyr; ~ MVN (Y220 P2e)
VL Yvi

Wpre:i ~ MV N(0, Zpre:i)
eprei ~ MVN(O,0%1,,..).
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We also allow the post-treatment recovery in CD4 cell counts to be dependent on
the realisation of by, and the marginal log-likelihood for the complete model can

therefore be expressed as:

f(Ypre’V»YpOSt) :/; ]; f_ fpre (Ypre|T, = Ft_/l (@ (a)),bVL) (2)

fpost (Ypostlu, T' = F;,' (@ (@), by 1)
frL(VIT' = F;' (@ (a)),byy)

fu (U|Ypre’ T' = F;l (D (a)) >bVL)
Jov: bv) fp (@) du da dbyr.

A directed acyclic graph to demonstrate the structure of this model is presented in
Figure 2.1. As for Figure 3 in Stirrup et al.!, links in this graph represent dependencies

in the defined probability model rather than direct causal effects.

In the models that we present, the patient-specific random intercept for VL is
included as a linear predictor for the long-term maximum (¢b;) and speed of recovery
(¢p2) of post-treatment CD4 counts. As described in Section 2.1, parameters are fitted
corresponding to early and late treatment initiation, with the weighting of the two for
each patient dependent on the exact time elapsed from seroconversion to treatment
initiation (which is itself defined in terms of a latent variable for those patients in
whom date of seroconversion is known to fall within an interval between positive
and negative tests). The use of the patient-specific VL intercept as a predictor of
CD4 recovery (rather than the absolute VL level) means that the parameter estimates
can be interpreted in terms of the patient’s VL relative to the distribution across the

population at any given point in time following seroconversion.

In approximating the marginal likelihood for this model, using the integral as
shown in (2), greatest weight is placed on the values for the true date of serocon-
version that maximise the joint penalised likelihood function that forms the inte-
grand; this includes the probability density function for the pre-treatment viral load
observations, as well as the prior distribution for the true date of seroconversion and
the probability density functions corresponding to the pre- and post-treatment and
baseline CD4 counts. All of these aspects of the model as a whole can influence the
posterior distribution of the true date of seroconversion for each patient, and so the
component of the model relating to pre-treatment viral load measurements could
affect estimates of how the post-treatment recovery in CD4 counts varies according

to other factors such as time elapsed from seroconversion to treatment initiation.
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Figure 2.1. Directed acyclic graph depicting the proposed model structure for each patient,
accounting for uncertainty in true date of seroconversion (t') and incorporating a probability
model for pre-treatment viral load (VL). The distributions for both viral load observations
(v) and pre-treatment CD4 counts (ye) are conditioned on the value of a random intercept
variable for VL (by.), which also influences the long-term maximum (¢;) and speed of
recovery (¢p2) of post-treatment CD4 counts (ypos¢). The distribution of the ‘true’ CD4
count at treatment initiation (u) is conditional on the pre-treatment observations and the
timing of treatment, and the value of by also affects the joint distribution of y,.e and u.
Observed variables are shown within ellipses, whilst unobserved latent variables are shown
within rectangles.

2.3 Prior distribution for true date of seroconversion

We define the ‘prior distribution’ of true seroconversion dates as that expected be-
fore consideration of any CD4 count or viral load data. For those patients in whom
seroconversion date has been estimated as the midpoint between the last negative
and first positive HIV tests, an obvious choice for the prior distribution is a uniform
distribution over the interval between tests. However, we found that models using
a uniform distribution would not converge, and so instead use a beta distribution
scaled to match the duration of the interval between tests with alpha and beta pa-
rameters both fixed at 6. The use of this distribution makes the assumption that se-
roconversion is most likely to have occurred close to the midpoint between negative
and positive tests. This assumption may not be completely justified, but the model
nonetheless represents an improvement over the common assumption that serocon-
version date is fixed at the midpoint. Plots illustrating these different assumptions for

the prior distribution of true seroconversion dates are shown in Figure 2.2. For those
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patients in whom the date of seroconversion illness or lab evidence of seroconver-
sion (real-time PCR positivity or incomplete Western blot) is recorded, the date of

seroconversion was considered to be fixed and known.
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Figure 2.2. Plots illustrating different assumptions for the prior distribution of true sero-
conversion dates in a patient with their date of seroconversion estimated according to the
interval between last negative and first positive HIV tests: (a) mid-point assumption, (b)
uniform distribution and (c) beta distribution with alpha=beta=6. An interval between tests
of 1 year is shown here, with the x-axis representing the true date of seroconversion within
this period (i.e. 0 denotes date of last negative test).

For computational reasons, we also shift the distribution of possible seroconver-
sion dates back in time by 1day for all patients. This is required because ADMB-
generated programs return ‘not a number’ when asked to return ‘0¢’ for any value
of ‘c’, which causes problems when calculating the covariance terms relating to frac-
tional Brownian motion processes for each patient (involving ‘1’ terms). When
time is fixed the issue can be avoided by defining a new function that checks that the
base is not zero before attempting to calculate a power term, but this is not possible

when time is allowed to vary within patients.

2.4 Dataset and estimation

The CASCADE dataset includes patients with a gap between last negative and first
positive test of up to 3years. For this analysis, we apply the same inclusion crite-
ria as specified in the main paper (as applied in Section 1), except that patients are
not excluded if they lack any VL observations within 6 months before treatment ini-
tiation; this is because VL is being included as a modelled outcome variable and so
can be effectively imputed for patients in whom no measurements are available. This
leads to a higher number of patients for potential inclusion in the analysis (n = 8471).
However, to ensure the coherence of the proposed model we also exclude patients in

whom the date of seroconversion was estimated according to the mid-point method
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but who initiated cART before their first positive HIV test is recorded in the database
(n =95), leading to a study population of 8376 patients. Similarly, we remove from
the analysis any CD4 counts that are recorded before the first positive HIV test. This
results in a dataset of 41 456 pre-treatment CD4 counts, 66 932 post-treatment CD4
counts and 38 295 pre-treatment VL. measurements.

Of the patients included in this analysis, 6521 (77.9 %) had an estimated date of
seroconversion based on the mid-point between last negative and first positive HIV
tests, for 1578 (18.8 %) it was based on laboratory evidence of seroconversion and in
277 (3.3 %) it was based on the reported date of seroconversion illness. For those pa-
tients in whom a ‘mid-point’ estimate of seroconversion date was used, the median
interval between tests was 309 days and the IQR was 161-549 days.

As in Stirrup et al.! and Section 1 of this Appendix, maximum likelihood estima-
tion was carried out using the random effects mode of the ADMB software, run on
the UCL Legion High Performance Computing Facility. The Laplace approximation
to the marginal log-likelihood was used for all models fitted in this Section. The cor-
relations between random effect terms were parameterised using the Cholesky factor
to ensure that the covariance matrix for the joint distribution of b; and by .; would
remain positive-definite during optimisation, because of this indirect parameterisa-

tion confidence intervals are not presented for the estimated correlations.

2.5 Results

The models fitted to the full CASCADE dataset (without censoring related to post-
treatment VL) are summarised in Table 2.1. The base-model (M od{) for this sec-
tion of the analysis includes baseline CD4 and the patient-specific VL random inter-
cept as linear predictors, with ‘early’ and ‘late’ parameters weighted as described in
Section 2.1, for long-term maximum and speed of recovery of post-treatment CD4
counts; recovery follows a Janoshek-Sager curve with constant D parameter (as de-
fined in Subsection 1.3). Although it should be noted that use of the Laplace approxi-
mation for the marginal log-likelihood means that assessment of AIC and BIC statis-
tics requires caution, the addition of further patient and drug regimen characteristics
inM odé—M odé led to only moderate improvements in model fit, as was found in Sec-
tion 1 of this Appendix. Convergence of maximum likelihood estimates of model pa-
rameters was not achieved when natural cubic spline functions were used to provide
more flexible link functions between baseline CD4 and VL and the characteristics of
post-treatment recovery in CD4, and so all of the results presented in this Section
follow from models in which these variables are treated as linear predictors. In the
final model listed in Table 2.1, M odé, the D parameter relating to the Janoshek-Sager
curve was also allowed to vary according to the time elapsed from seroconversion to
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treatment initiation, with weighting of ‘early’ and ‘late’ parameters on the natural-log
scale used for optimisation. We interpret this model in order to provide a compari-

son with the ‘fixed estimate of seroconversion” analysis in Section 1.

Table 2.1. Summary of fitted combined models for CD4 cell counts before and after the
initiation of combination antiretroviral therapy (cART) in patients from the CASCADE co-
hort, incorporating pre-treatment viral load measurements and uncertainty in the timing of
seroconversion. All models shown are nested within that described in the row below.

Model Predictors Npars l AICt BICT 2A0T
Mod;  Linear-u+ RNA w/ trt-time grp 33 —-304746 609558 609885* NA
Mod, Asabove + gender/inf grp 41 —-304727 609536 609942 38
Mod;,  Asabove + age 49 -304716 609530 610015 22
Mod;  As above + AIDS Dx 51 -304711 609524 610029 10
Modé As above + HCV Dx 55 -304701 609512 610056 20
Mod],  Asabove + trt class 61 —-304686 609494 610098 30
Modé As above + D by trt-time 62 -304669 609462* 610076 34

The ‘Predictors’ field lists variables included in the functions to determine both long-term maximum
(¢p1) and speed of recovery (¢p2). ‘trt-time’ denotes weighting of functions for long-term maximum
and speed of recovery, in terms of baseline CD4 and VL at treatment initiation, according to time
elapsed from seroconversion to treatment; the D parameter is treated as a function of time to
treatment in M odé. *Lowest value of AIC/BIC for set of models. TAll calculations using the
log-likelihood for each model are based on the Laplace approximation. ‘2A¢’ denotes differences in
2xlog-likelihood in comparison to model described in the row above in each case. AIC, Akaike
information criterion; AIDS, acquired immune deficiency syndrome; BIC, Bayesian information
criterion; Dx, diagnosis prior to cART; HCV, hepatitis C virus; grp, group; inf, mode of infection; ¢,
log-likelihood of model fit; NA, not applicable; 4,5, number of parameters in model; trt, treatment.

In the models in this Section, the characteristics of CD4 recovery on cART follow
a smooth function of the time elapsed from seroconversion to initiation of treatment
with a transition from an ‘early treatment’ to a ‘late treatment’ response conditional
on baseline CD4 and VL random intercept. The transition as estimated for Mod,,
is plotted in Figure 2.3, resulting from the estimate of the S parameter as defined
in Section 2.1 ($ = 6.3, 95% CI 5.3 — 7.5). This plot indicates that predictions for
CD4 recovery on cART will depend on the time elapsed from seroconversion up un-
til around 3 months, but that the response conditional on baseline CD4 and VL will
be stable beyond this point. The fitted functions linking baseline CD4 and the long-
term maximum and speed of recovery for both ‘early treatment’ and ‘late treatment’
response are plotted in Figure 2.4, and the corresponding influence of the VL random
interceptis plotted in Figure 2.5. When treatment is initiated close to the date of sero-
conversion, the predicted long-term maximum CD4 count for a given baseline value
is slightly lower, but the speed of recovery is substantially higher. This is further illus-
trated through the plotting of predicted median recovery for hypothetical patients in
Figure 2.6. The fitted models predict lower long-term CD4 counts beyond 3-5 years,
for a given CD4 baseline value, for patients in whom cART is initiated immediately

at the time of seroconversion; however, this may be an artefact of the limitation in
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the modelling of recovery characteristics in terms of only linear functions of baseline
CD4 and VL for this part of the analysis. It should be noted that as CD4 counts decline
over time in untreated patients, these results still imply that substantially better CD4
recovery would be expected for patients that initiate treatment close to their date of

seroconversion.

1.00-

ing

0.75+

0.50

Parameter weight

o

N

3]
1

0.00

0.00 0.25 0.50 0.75 1.00
Time from seroconversion to cART initiation (years)

Figure 2.3. Plot of the transition from an ‘early treatment’ to a ‘late treatment’ response as
estimated for Mod,. The weights for the ‘early’ (—) and ‘late’ (---) parameters linking
baseline CD4 and viral load random intercept to CD4 recovery are plotted as a function of the
time elapsed from ‘true’ date of seroconversion to initiation of treatment. 95 % confidence
intervals are also plotted (------).

The patient-specific VL random intercept was positively associated with speed of
recovery regardless of the time elapsed from seroconversion to treatment initiation,
although its relationship with the predicted long-term maximum did differ according
to the time to treatment (Figure 2.5). This is further explored through the plotting of
predicted median recovery for hypothetical patients in Figure 2.7. Higher viral loads,
conditional on the baseline CD4 at treatment initiation, consistently predicted a bet-
ter recovery in CD4 counts following treatment initiation. It should be noted that the
VL random intercept term was found to be negatively correlated both with the CD4
count at seroconversion random intercept (# = —0.28) and with the slope of CD4
change with respect to time from seroconversion (7 = —0.50), indicating that a high
VL is associated with a worse prognosis without treatment. For other patient and
drug combination characteristics, the predictions from the model (Figure 2.8) were
very similar to those from the model in which the estimated date of seroconversion
in each patient was treated as fixed (as shown in Figure 1.5).

The parameters relating to pre-treatment VL measurements fitted in Mod., were

consistent with previous research on this topic (e.g. Pantazis et al.®), with a high av-
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Figure 2.4. Plots of functions linking ‘true’ baseline CD4 (u]) to post-treatment recov-
ery, ¢1(u}) (a-b, relating to long-term maximum) and ¢, (u}) (c—d, relating to speed of
response), for Mod),. Graphs on the left of each row (a,c) show the fitted functions for ‘early
treatment’ and those on the right (b,d) show the functions ‘late treatment’. Pointwise 95 %
confidence intervals for the functions are shown (------).

@ (b)

(pl:early(bVL:i)

bVL:i bVL:i

(pz:late(bVL:i)

(pZ:earIy(bVL:i)

|
N
|
N
N

2 1 0 1 2 2 X 0 1 2
bVL:i bVL:i

Figure 2.5. Plots of estimated effect of patient-specific viral load random intercept by.;
on predicted characteristics of post-treatment recovery, ¢ (byr.;) (a=b, relating to long-term
maximum) and ¢ (byy.;) (c—d, relating to speed of response), for Mod),. Graphs on the left
of each row (a,c) show the fitted functions for ‘early treatment’ and those on the right (b,d)
show the functions ‘late treatment’. Pointwise 95 % confidence intervals for the functions
are shown (-++--+).
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Figure 2.6. Plots of predicted median recovery in CD4 counts, based on Mod}, for patients
with a ‘true’ baseline value of 200 (a), 350 (b) or 500 (c) cells/uL. Predictions are shown
for patients initiating treatment immediately at time of seroconversion (-:----), at 3 months
(---) and at 1year (—). For this plot, all patients are assumed to be men who have sex
with men, aged 36 years, with negative test for hepatitis C virus, no prior AIDS diagnosis and
starting on a non-nucleoside reverse-transcriptase inhibitor (NNRTI) regimen. They are also
assumed to have the population median viral load conditional on time from seroconversion.
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Figure 2.7. Plots of predicted median recovery in CD4 counts, based on Mod,, for patients
with a ‘true’ baseline value of 350 cells/ulL and a patient-specific viral load random intercept
(on the log,, scale) corresponding to the 2.5™" centile (.-, —1.44), 50" centile (---,
0) or the 97.5t™ centile (—, 1.44). Plots are shown of predictions for patients initiating
treatment immediately at time of seroconversion (a), at 3months (b) and at 1year (c). For
this plot, all patients are assumed to be men who have sex with men, aged 36 years, with
negative test for hepatitis C virus, no prior AIDS diagnosis and starting on a non-nucleoside
reverse-transcriptase inhibitor (NNRTI) regimen.

28



@ (b) (©

1000 A 1000 A 1000 -
750 750 750~
—_ - -
- - -
= =3 =3
= = =
= = =
5 5 5
3 5004 3 5004 3 500 -
o (5] o
< <t <t
[a) [a) [a)
O O ®]
250+ 250+ 250~
0+ 0+ 0-
0 2 4 6 0 2 4 6 0 2 4 6
Time since cART (years) Time since cART (years) Time since cART (years)
(d) (e) ®
1000 A 1000 A 1000 -
7504 750+ 750 - RPTSTE
_ . _ _ el
- - -
=1 =3 3
= N =
- - -
c c c
> > >
o (o] (o]
o o (8]
< < <
[a) [a) [a)
(@) (@] O
250+ 250+ 250~
0+ 0+ 0-
0 2 4 6 0 2 4 6 0 2 4 6
Time since cART (years) Time since cART (years) Time since cART (years)

Figure 2.8. Plots of predicted median recovery in CD4 counts, based on Mod., for patients
with a ‘true’ baseline value of 350 according to: (a) patient specific viral load (VL) random

intercept (----- , 2.5™ centile; ---, 50" centile; ——, 97.5™ centile); (b) sex and infection
groups (——, men who have sex with men; ---, male heterosexual; ------ , male injecting
drug user; ---, female heterosexual; ------ , female injecting drug user ); (c) patient age at
treatment initiation (----- , age =20 years; —, age = 60 years); (d) AIDS diagnosis prior to
treatment (------, yes; —, no); (e) hepatitis C virus (HCV) status (------, no test; ---, +ve
test; —, -ve test); and (f) cART regimen (----- , integrase strand transfer inhibitor; -:-- ,
ritonavir-boosted protease inhibitor; ---, other;, ——, non-nucleoside reverse-transcriptase

inhibitor (NNRTI)). All patients are assumed to be men who have sex with men, aged 36
years, with negative test for HCV, no prior AIDS diagnosis, median VL and starting on a
NNRTI regimen at 1year since estimated date of seroconversion unless stated otherwise.
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erage VL (on the log,, scale) close to the date of seroconversion that drops down
to a more stable level after 2-3 months and a gradual increase over time thereafter
(Figure 2.9). The estimate of variance for the patient-specific random intercept term
(cﬁV\L = 0.563) was larger than the estimate of variance for the examination-specific
measurement error (U/Z\VL = 0.331), indicating the presence of consistent differences
between patients that were used to link their pre-treatment VL level to the character-

istics of CD4 recovery following treatment initiation.
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Figure 2.9. Plot of fitted mean viral load (VL, on the log,, scale; —), as a function of time

elapsed since seroconversion in the absence of treatment, resulting from Mod.,. 5th and 95t
percentiles for individual measurements (----- ) are plotted, and the equivalent percentiles are
also shown for the 90 % range of ‘true’ VL (---; i.e. including between-patient difference
relating to the random intercept term in the model, but not examination-specific measurement
error).

It was attempted to fit Mod,, to a dataset in which CD4 counts were censored if
a detectable viral load was observed beyond 6 months after the start of treatment,
but model convergence was not achieved. However, M odé was fitted to this dataset.
As shown in Figure 2.10, the predictions made were very similar, although a pre-
treatment AIDS diagnosis was no longer associated with any relative improvement
in post-treatment recovery. The parameter estimates for Mod;, as fitted to the full
dataset and for Modj fitted to the processed dataset with censoring at detectable VL
observations are presented in Table 2.2.

30



@ (b) (©

1000 A 1000 A 1000 -
750 750 750~
—_ - -
- - -
= =3 =3
= = =
= = =
5 5 5
3 5004 3 5004 3 500 -
o (5] o
< <t <t
[a) [a) [a)
O O ®]
250+ 250+ 250~
0+ 0+ 0-
0 2 4 6 0 2 4 6 0 2 4 6
Time since cART (years) Time since cART (years) Time since cART (years)
(d) (e) ®
1000 A 1000 A 1000 -
750 750 A 750 -
~— ~—~ 1 ~—~
- - -
=1 =3 3
= N =
- - -
5 5 5
3 3 3 500-
o o (8]
< < <
[a) [a) [a)
(@) (@] O
250+ 250+ 250~
0+ 0+ 0-
0 2 4 6 0 2 4 6 0 2 4 6
Time since cART (years) Time since cART (years) Time since cART (years)

Figure 2.10. Plots of predicted median recovery in CD4 counts, based on Modj fitted to the
dataset with censoring at detectable viral load (VL) after 6 months of treatment, for patients
with a ‘true’ baseline value of 350 according to: (a) patient specific viral load (VL) random

intercept (----- , 2.5t centile; ---, 50t" centile; —, 97.5'™" centile); (b) sex and infection
groups (——, men who have sex with men; ---, male heterosexual; ------ , male injecting
drug user; ---, female heterosexual; ------ , female injecting drug user ); (c) patient age at
treatment initiation (------, age =20 years; —, age = 60 years); (d) AIDS diagnosis prior to
treatment (------ , yes; —, no); (e) hepatitis C virus (HCV) status (------ , no test; ---, +ve
test; —, -ve test); and (f) cART regimen (------, integrase strand transfer inhibitor; --.- ,
ritonavir-boosted protease inhibitor; ---, other;, ——, non-nucleoside reverse-transcriptase

inhibitor (NNRTI)). All patients are assumed to be men who have sex with men, aged 36
years, with negative test for HCV, no prior AIDS diagnosis, median VL and starting on a
NNRTI regimen at 1year since estimated date of seroconversion unless stated otherwise.
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3 Residual plots and further sensitivity analyses

To check the fundamental modelling assumptions, we present here an analysis of
diagnostic residual plots for Mod, as described in Section 1 (without censoring at
virological failure). Cholesky-transformed residuals for CD4 counts in the pre- and
post-treatment periods were calculated as described in Section 2 of the supplemen-
tary Appendix for Stirrup et al.!, ignoring for now the patient-specific latent scaling
variables for the fractional Brownian motion processes. The transformed residuals
plotted against time show approximately symmetric distributions centred on zero
as expected for both the pre- (Figure 3.1) and post-treatment (Figure 3.2) periods.
However, quantile-quantile plots relative to the expected standard normal distribu-
tion display heavy tails (Figures 3.3 and 3.4).

In order to explore the potential importance of the observed deviation from mod-
elling assumptions (i.e. the presence of a heavy-tailed distribution for the trans-
formed residuals), we refitted Mod, allowing between-patient differences in the vari-
ability of CD4 counts over time. This was implemented by adding correlated gamma-
distributed patient-specific scaling variables for the pre- and post-treatment frac-
tional Brownian motion processes as described by Stirrup er al.!. The model was
fitted by maximum likelihood estimation using the Laplace approximation for the
marginal log-likelihood. Cholesky-transformed residuals were then evaluated for
this extended model based on the posterior predictive modes of the scaling variables
for each patient (0;.; and u».;). Once again plots of residuals against time displayed
a symmetric distribution around zero (Figures 3.5 and 3.6), and quantile-quantile
plots now showed minimal deviation from the expected straight line (Figures 3.7 and
3.8).

Convergence of parameter estimates was not achieved when an equivalent ex-
tended model was fitted for Mod;g. Mod, includes linear effects for baseline CD4
count stratified by time to treatment initiation and additional effects of baseline VL,
using a natural cubic spline basis, on the characteristics of response to treatment.
The relationships between these predictive factors and response to treatment indi-
cated by the resulting extended Mod, were nearly identical to those described for
Mod,; this is illustrated by Figures 3.9 and 3.10. The spread of the 5™ and 95" cen-
tiles of predictions was also similar to the models that did not take between-patient

differences in variability into account.
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Figure 3.1. Plot of Cholesky-transformed residuals of pre-treatment observations for Mod,
against time from seroconversion.
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Figure 3.2. Plot of Cholesky-transformed residuals of post-treatment observations for Mod,
against time from initiation of HAART, calculated using the posterior predictive mode of the
baseline CD4 value ii;.
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Figure 3.3. Quantile—quantile plot of Cholesky-transformed residuals of pre-treatment ob-
servations for Mod,.
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Figure 3.4. Quantile-quantile plot of Cholesky-transformed residuals of post-treatment
observations for Mod,, calculated using the posterior predictive mode of the baseline CD4
value ;.
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Figure 3.5. Plot of Cholesky-transformed residuals of pre-treatment observations for the
extended version of Mod, against time from seroconversion, calculated using the posterior
predictive mode of the latent scaling variable #i.; for each patient.
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Figure 3.6. Plot of Cholesky-transformed residuals of post-treatment observations for the
extended version of Mod, against time from initiation of HAART, calculated using the
posterior predictive mode of the baseline CD4 value i; and the latent scaling variable .
for each patient.
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Figure 3.7. Quantile—quantile plot of Cholesky-transformed residuals of pre-treatment ob-
servations for the extended version of Mod,, calculated using the posterior predictive mode
of the latent scaling variable t0;.; for each patient.
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Figure 3.8. Quantile-quantile plot of Cholesky-transformed residuals of post-treatment
observations for the extended version of Mod,, calculated using the posterior predictive
mode of the baseline CD4 value #@; and the latent scaling variable 1.; for each patient.
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Figure 3.9. Plots of predicted median (—) and 5" and 95" centiles (- - - ) for recovery in
CD4 counts, based on Mod, with the model extended using linked multivariate-t distributions
for the pre- and post-treatment stochastic process components, for patients with a ‘true’
baseline value of 200 (a), 350 (b) or 500 (c) cells/uL. For this plot, viral load prior to
treatment is fixed at the overall log;, median of 4.825 and treatment initiation is set to be
beyond 1 year from seroconversion. The marginal distribution is assumed for the latent scaling
variable for the fractional Brownian motion process, i.e. without conditioning on any potential
pre-treatment information, and the combination of multivariate normal and t distributions is
approximated through averaging over 1000 draws from the relevant gamma distribution. The
pattern of predictions is very close to those resulting from Mod; as displayed in Figure 1.6.
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Figure 3.10. Plots of predicted median recovery in CD4 counts, based on Mod, with
the model extended using linked multivariate-t distributions for the pre- and post-treatment
stochastic process components, for patients with a ‘true’ baseline value of 350 according
to: (a) treatment initiation within 6 months of seroconversion (------), beyond 6 months but
within 1year (---) and for patients who started treatment beyond 1year (—) and (b) with
viral load (VL) prior to treatment initiation (------, log;,(VL) =2.7; - - -, log;, (VL) =4.7; —,
log,,(VL) =5.7). For (a) VL prior to treatment is fixed at the overall log;, median of 4.825
and for (b) treatment initiation is set to be greater than 1year from seroconversion. The
pattern of predictions is very similar to those resulting from Modo as displayed in Figures
1.4b and 1.5a.
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4 Further Discussion regarding ‘speed of response’ to

treatment

The strong positive association of baseline CD4 count with the long-term maximum
of post-treatment recovery found in our analysis was expected given the findings of
previous research on this topic'®1°. However, there has been less of a consensus in
the literature regarding the relationship between baseline CD4 count and the initial

L 20

speed of recovery. Smith et al.” reported that higher baseline values were associated

with both lower observed post-treatment increases at 3 months and a lower rate of

l.21

increase beyond this point in time, and Hunt et al.“* also reported greater gains in

patients with lower baseline values, particularly within the first 2 years after initiation

L 22

of treatment. However, Florence et al.““ reported that lower baseline CD4 counts

were predictive of a poor response within 6-12 months of cART initiation, and Moore

etal.®3

also found greater increases in CD4 cell count at 6 months post-treatment for
higher baseline values up to 350 cells/uL.

In the framework that we have developed, the model term relating to ‘speed of
recovery’ following treatment initiation represents the speed of transition from the
baseline state to the long-term maximum for any given patient, rather than the rate
of increase in terms of the CD4 count itself. As such, the models that we have fitted
indicate that the absolute rate of increase in CD4 count will be lower for patients with
‘true’ baseline CD4 counts above around 600 cells/uL, due to the fact that there is
less of a difference between the baseline value and the long-term maximum in such
cases. However, this cannot wholly explain the inconsistency in papers in the liter-
ature regarding this topic as these have largely described patients with lower CD4
counts at initiation of cART, for example Smith et al.?® report a median (IQR) pre-
treatment CD4 count of 194 (75-314) cells/uL, with very similar values of 195 (118-
274) cells/ uL reported by Florence et al.??. For ‘true’ baseline CD4 counts below 600
cells/uL, our models predict a positive relationship between the baseline value and
the rate of post-treatment increase in absolute terms. As such, we suggest that the
inconsistencies observed could be due to the fact that lower observed baseline CD4
counts are likely to be more strongly downwardly biased as a result of selective treat-
ment initiation and ‘Tegression to the mean’-type effects, which will result in an in-
crease in the apparent response to treatment, particularly at the first observation for
each patient; the degree of bias is dependent on the observation and treatment initi-
ation schedules applied to any given cohort, and so this could explain the observed
differences in findings between studies.

When considering differences in initial increase by baseline CD4 count, one should
keep in mind that the character of such interaction depends on the scale at which it

is quantified. Geskus et al.?* have previously argued that it is better to assess changes
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in CD4 count on the cube-root scale, which they found to be more linearly associated
with the risk of AIDS than the original CD4 value.
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